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Wish List 
Why ML? 

complex 
interactions 

arbitrary  
workloads 

arbitrary  
goals 

End-to-end cost-aware service  
(resource provisioning, workload scheduling) 

Agnostic to workload semantics  

Application-defined performance goals 
(per query deadline, percentile, average latency, max latency ) 

Requirements 
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Supervised Learning 

identify classes 

create 
training data 

generate  
classifier 

q  dispatch a query to a VM 
q  provision new VM 

q  identify best decisions 
q  extract cost-related features 

q  describe (context, action) 
q  verifiable & interpretable  

classes == actions 

decision tree 

context of actions 

Model  
Generator 



“To be the best, learn from the best” ( D. LaCroix)
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Effectiveness (small workloads) 
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Effectiveness (large workloads) 
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change only the SLO & reuse the original graph 
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expensive 
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Adaptive Training 

Adaptive training time is 96-94% less than original training time 
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Performance vs Cost Exploration 

q  WiSeDB generates models for 10s   
  of alternative SLOs within secs 
q Keeps  k-top significant ones 

q Earth Mover’s Distance  
q  No query execution is required  

 
q  Model estimates cost/template & 

expected performance  
q Assumes a given cost model 

 

q  User picks desired model 
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Online Scheduling 

• Scheduling & provisioning for one query at a time  
 

• Batch-based models not effective for online tasks 
• Do not account for query arrival rate/wait times  

• WiSeDB approach 
• Generate a new model upon arrival of new query 
• Adapt previous model to reduce training overhead 
• Reuse past models, when feasible 

Strategy   
Generator 
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q  training batch: new query + queued queries 
 

q  add wait time in expected latency 

q  slow for for high arrival rates  
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q Model Reuse: reuse model with similar  
                       expected latencies/template 

q  Linear Shifting: treat as a tightened SLA 



Effectiveness (online scheduling) 
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(Explicit) Performance Prediction 
q  DBMS-related challenges 

q  isolated vs. concurrent query execution 
q  low accuracy for new query types (“templates”) 
q  extensive off-line training  
q  state-of-the-art: 15-20% prediction error 

 

q  Cloud-related challenges 
q  “noisy neighbors” 
q   numerous resource configurations 
q  predictions errors accumulation  



WiSeDB: Implicit Performance Modeling  
q   Explicit performance models are NOT necessary for:  

q  monetary cost management 
q  resource & workload management  
q offer performance SLA and keep penalties low 

 
q  Implicitly model query latency  

q  predict monetary cost ( & violation penalties) 

q  Online training for dynamic environments 
q  Automatic scaling & workload distribution 

Wish List #2  



Reinforcement Learning 
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Online Learning 
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Probabilistic Action Selection 

q  Select action according to probability of being the best  
q  Past observations  

q  modeled by likelihood function over cost  c  :  
q  θ: parameters of likelihood function: splits of a regression tree  

q  if  (# joins in the query =1) and (queries in the queue =3 ) => cost = $$ 

  
q  Posterior distribution of  θ  (Bayes rule) 

 
q  P(θ): prior distribution of parameters θ 

q  Choose action α’ to minimize cost for perfect model θ*  

 
 

min
ʹa
Ε(c | ʹa , x,θ *)]

D = {(xi,ai,ci )}
P(c |α, x,θ )

P(θ |D)∝ P(ci | ai, xi,θ )∏ P(θ )

perfect decision  
tree is unknown 



q  Exploitation: pick action based on mean of posterior P(θ|D) 
 
 

q  Exploration: pick a random action 
 

q  Thompson Sampling: balance exploration/exploitation 

 Select random action according to probability that it is the best 
 

 
 

 

Probabilistic Action Selection 

min
ʹa
Ε(c | ʹa , x) = Ε(c | ʹa , x,θ )P(θ |D)dθ∫



WiSeDB Action Selection 

Sample random 
parameter θi  

 according to P(θ| D) 
Select best action αi 

according to θ t   
Observe cost ci  
update model 

argmin
αi

Ε(c | xi,ai,θi )]context xi D = D∪ (x i ,ai,c i )

Select a random decision tree and  
pick best action according to it  

 
Update the experience set  

 
Create new model   



Effectiveness 

Amazon AWS 
t2.large,  t2.medium, t2.small  
 

Training Data 
30 query sequence  
22 TPC-H templates 
repeat  until convergence 
 
Optimal: brute force (NP-hard) 
Clairvoyant: perfect cost model 

 

WiSeDB models can perform at the  
same cost as a perfect cost model 
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Effectiveness (concurrency)  
Training Data 
 
22 TPC-H templates 
900 queries/hour 
Poison distribution  
 

Clairvoyant: perfect cost model 

One query/vCPU: 1-2 queries 

Two queries/vCPU: 2-4 queries 

  

WiSeDB models handles concurrency  
levels with no pre-training or tuning 
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Adaptivity 

 0

 100

 200

 300

 400

 500

 600

 700

 800

 0  500  1000  1500  2000  2500  3000  3500  4000
A

ve
ra

g
e
 c

o
st

 p
e

r 
q
u

e
ry

 (
1
/1

0
 c

e
n
t)

Queries processed

All new templates at once
New templates over timeTraining Data 

 
13 TPC-H templates 
900 queries/hour 
Poison distribution  
Max SLO  
 
all new at once: 7 new templates 
every 2000 queries (after 
convergence) 
 
new over time: 1 new template  
every 500 queries  
 

 

WiSeDB models quickly adapt to  
new unseen before templates 



More details… 
[VLDB 2016] WiSeDB: A Learning-based  Workload Management Advisor for Cloud Databases, R. 
Marcus and O. Papaemmanouil (longer version on arXiv) 
 
[CloudDB2016] Workload Management for Cloud Databases via Machine Learning, Ryan Marcus, 
Olga Papaemmanouil,   
 
[CIDR 2015] XCloud: Extensible Performance Management for Cloud Data Services,  Olga 
Papaemmanouil.  
 
[EDBT 2014] Contender: A Resource Modeling Approach for Concurrent Query Performance 
Prediction, Jenny Duggan, Olga Papaemmanouil, Ugur Cetintemel, Eli Upfal 
 
[CloudDB 2014] SLA-driven Workload Management for Cloud Databases, Dimokritos Stamatakis, 
Olga Papaemmanouil.  
 
[DMC 2012] Supporting Extensible Performance SLAs for Cloud Databases, Olga Papaemmanouil.  
 
[SIGMOD 2011] Performance Prediction for Concurrent Database Workloads, Jennie Rogers, Ugur 
Cetintemel, Olga Papaemmanouil, Eli Upfal. 
 
[SMDB 2010] A Generic Auto-Provisioning Framework for Cloud Databases, Jennie Rogers, Olga 
Papaemmanouil, Ugur Cetintemel. 
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q  Train once, use “forever”? 

q  obsolescence detection 
and correction via SVMs  
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(Offline Learning) 
 
q  Concurrent query execution 

q  Hybrid (offline/online) model 

q  Exploratory Query Execution 



Next Steps: Online Learning 
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q  Query Scheduling 

q  query ordering actions 
 

q  Shut-down strategy  
q  hill-climbing learning 

q  Training overhead 
q  search space reduction  



Next Steps: Tenant Placement 

      

Cloud  



Conclusions 
q  Cost and SLA management for IaaS-deployed DBs are  

not becoming simpler  

q  WiSeDB demonstrates how ML techniques can help  
q  discover customized solutions for app-specific SLAs 
q  automate complex application management decisions 
q  adapt to workload and resource configurations 
q  build systems that perform beyond unaided human heuristics 
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